Microseismic event analysis is a valuable source of information that can play a pivotal role in optimizing well completion and spacing. This analysis can be taken a step further with the generation of discrete fracture networks (DFNs) from microseismic events. While DFNs can be modeled with microseismic event locations only, source mechanisms inverted from near surface-acquired microseismic data provide greater constraints for the DFN model so that the orientation of failure planes responsible for events can be explicitly assigned. The differences between such DFN realizations based on event locations only and source-mechanism constrained DFN realizations are evident in areas with significant geological complexity.
Introduction
One of the challenges often faced after obtaining microseismic event pointsets is how to effectively interpret them. Discrete fracture networks often link microseismic event trends to pre-existing fault reactivation and the orientation of S Hmax (Maxwell et al. 2002 , Hulsey et al. 2010 . These patterns are also characteristic of the Barnett Shale, in which the study took place (Gale et al. 2007) . As the microseismic events indicate rock failure, modeling events as three dimensional fractures allows calculation of fracture flow properties by assigining appropriate attributes to the fracture planes. Additionally, the quality of a microseismicity-constrained discrete fracture network is highly dependent on the amount of information obtained from microseismic events and assumptions made about their interpretation. Using the failure plane orientations of source mechanisms and the distribution of event energy in a microseismic survey can have a significant impact on the total and the average fracture permeabilities calculated from the modeled fracture planes
Methodology
A large dataset consisting of more than 4000 events was obtained from from monitoring a stimulation treatment in the Barnett Shale. Three different iterations of a discrete fracture network model were generated based on different types of information contained in the microseismic result. This result was acquired using a near surface permanent installation of 618 stations equipped with vertical component geophones distributed in an area of approximately 144 square kilometers. Microseismic events were located by migration (Duncan and Eisner, 2010) . Whether downhole and or surface monitoring of microseismic events, both methodologies are limited to detection of events above a certain size. Hence every microseismic monitoring job results in a limited dataset where some microseismic events are undetected. This limitation is overcome in this study by assuming connectivity in characteristic cells. This connectivity is derived from detected microseismic events.
In the first iteration of the model, fractures are generated stochastically without using the soure mechanisms to apply a constraint on the modeled fracture orientations.
The stochastic fracture models were constrained using the following parameters:
•
Relative energy (amplitude) of microseismic events as an indicator of fracture intensity.
• Amplitudes are mapped into a geocellular volume to constrain the spatial distribution of fracture intensity in the volume.
• The fracture set is defined by assigning lengths, a length distribution and an orientation distribution.
• The fracture length distribution follows a power law function, with the length range of 50 -400 feet.
• A statistical scatter is applied to the input fracture orientation in order to create a more natural variability in fracture orientation.
• Fracture relative intensity is honored by generated fracture locations, but their sizes and orientations are assigned randomly in the geocellular model The second and third DFN iterations are based on.the same monitoring result, processed using source mechanisms to reduce the event location error. Every fracture plane is centered on a microseismic event with the fracture sized relative to the seismic moment. For the second iteration, one source mechanism was derived from the result and the failure planes of that event were used as the orientation maximum for the fracture orientations in the DFN, about which a geologically reasonable statistical scatter was applied. The fracture orientations were randomly assigned to each event. The inversion process used to derive source mechanisms from surface acquired microseismic data is described in Williams-Stroud et al, 2010 . This results in a fracture set that is not fully deterministic. This fracture set is defined as pseudo-deterministic because the fractures are located explicitly in the model but the other parameters are not explicitly defined for each fracture. The third iteration was constrained in a similar way to the second interation, except the source mechanism for each event was identified during processing of the result and the failure plane orientation for each fracture plane was assigned per event according to the source mechanism. The fracture lengths are defined relative to the seismic moment of each event so that this iteration, while still not fully deterministic, most closely honors the information obtained from the source mechanisms in the result, Pseudo-deterministic fracture models were constrained using the following parameters:
• Each fracture was centered on an event location • A relative fracture size distribution was defined to match the seismic moment distribution of the events.
• Locations of fractures were deterministically assigned to the locations of individual microseismic events.
• Orientations were randomly assigned based on the statistical parameters defined for the fracture set.
The three different DFN realizations produce different calculated output values for the entire geocellular volume and for individual cells. The output values include: total fracture volume, average fracture aperture, average fracture porosity, and stimulated reservoir volume. Calculated output values for each cell in the geocellular volume include the following: 2D and 3D permeability anisotropy, permeability max and min, total permeability, porosity (proportion of fracture volume to cell volume), and sigma value (multidirectional spacing of the fractures).
The stimulated reservoir volume is defined as the sum of the volumes of all of the cells in the geocellular model for which fracture network permeability values were calculated. Cell size in the model is 100 feet on each side. Fracture permeability is calculated for every cell in the model that contains a fracture, including partial fractures, so that in some cases a very small fracture permeability is assigned to an entire cell. The SRV represents the volume of reservoir rock with enhanced permeability due to stimulated or induced fractures. The absolute permeability calculated for each cell depends on the fractures contained within that cell, and is based on the large fractures contained in the model. The detection limit of microseismicity is addressed by the assumption of connectivity in the characteristic cells.
Discussion of results
Interpretations of structural trends from digital surface elevation models and S Hmax values in the area obtained from the World Stress Map Project (Heidbach et al, 2008) were used to constrain the fracture orientations in the first DFN iteration. This stochastically-modeled DFN shows a spatial distribution of the generated fractures that is spread more evenly through the volume than in the second and third DFN model iterations (Figures 1 to  3) . The SRV value of this modeling result is 313,003 acre-feet and the average permeability of the fractures per cell is 19.56 darcys. The fracture network connectivity is lowest in the stochastically generated DFN, and produced the smallest average permeability and the smallest SRV of the three models.
The second iteration (Figure 2 ) was built using one source mechanism type to constrain the fracture orientation in the DFN. The beach ball representing the strike, dip, and rake of the derived source mechanism is shown in Figure 4 with the map of the array response for the event.
The SRV of this data set is 336,413 acre-feet and the average permeability of the fractures per cell is 36.85 darcys. The greater constraints on the event locations of the pseudo-deterministic fracture network resulted in more complex connectivity. Permeability is higher due to the higher concentration of fractures in a similar orientation in cells. Figure 3 shows the result of iteration 3 which was built using the two identified source mechanism types 4 and 5. The events were sorted into two groups according to the mechanisms assigned to each event during the mechanism scanning process (Figures 4 and 5) .
The SRV value of this data set is 341,829 acre-feet and the average permeability of the fractures per cell is 54.29 darcys. While the SRV has not changed drastically, the average permeability calculated from the DFN has increased due to the introduction of a second fracture distribution with a different orientation. Permeability slices of DFN iteration 1 and DFN iteration 3 demonstrate a drastic change in flow behavior ( Figure 6 ).
Conclusions
Constraining a DFN with information obtained from source mechanism failure planes provides significantly improved constraints for DFN models. Additional geologic and geophysical data have been used to decrease model uncertainty by incorporation of improved event locations, source mechanisms failure planes to constrain individual fracture orientations, and seismic moment inversion to define relative sizes for fractures explicitly placed in a DFN model. The change in permeability between the three models compared in this study serves to illustrate the impact of geologic assumptions on fracture flow property generation. The significant change in SRV and average permeability values underscores the importance of source mechanism analysis as a critical tool in building a more refined DFN. While the source mechanism-constrained fracture models do not produce a drastic change in the size of the SRV compared to the stochastic fracture model, there is a significant effect on permeability between the three models. The permeability values calculated for individual cells could have a profound effect on the behavior of the reservoir in simulation models. Minimizing uncertainty when generating reservoir properties by applying all available constraints can greatly improve ultimate recovery estimates and allows for more informed reservoir field planning and exploitation decisions.
